e Eastern Seaboard region (ESR) of the United States is densely populated and depends on imported food. Agricultural systems are vulnerable to uncertainties such as environmental conditions, climate change, and transportation costs. Local populations could bene t from regional food systems as a way to provide security; however, the potential production capacity of the region would rst need to be quanti ed. Potential production capacity for a speci c crop, potato (Solanum tuberosum L.), was explored in two ways: expansion of the harvested land area and closing the yield gap between observed and potential yield. Potato production was assessed from Maine to Virginia for current land use (land under potato cultivation) and potential land use (other cropland). Simulations were based on two water availability scenarios: limited and nonlimited. A geospatial model implementing the explanatory model SPUDSIM estimated crop production (crop yield, water use, and N uptake) based on spatially variable input data (weather, soil, and management). Potato production was simulated in 35 potato-producing counties and in 346 counties with cropland. Under water-limited conditions, the response surface of production showed greater yield in the northern ESR states (median 28.24 Mg ha -1 ) than in the southern states (median 15.41 Mg ha -1 ). Resource requirements (water and N) and biophysical constraints (climate and soil) to production were also evaluated. In general, potato yield was negatively correlated with higher average seasonal temperatures and denser soil pro les. e results from this study will be valuable for regional policy planners to assess the capacity of the regional ESR food system.
Food systems play a critical role in the well-being of society and are impacted by many uncertainties, such as the suitability of natural resources (e.g., soil and climate) for plant growth and the fl uctuating energy costs associated with transportation, which lead to concerns over food security. Th is is particularly an issue for densely populated urban areas, such as the U.S. ESR (Maine to Virginia), which represents 23% of the U.S. population (2010 U.S. Census). It is estimated that 12% of the ESR is food insecure, defi ned as households where consumption is reduced due to the lack of resources (ColemanJensen et al., 2011) . Timmons et al. (2008) estimated the self-suffi ciency of every state by comparing per-capita production to consumption; weighted by population, the ESR was 24% self-suffi cient, meaning that a majority of food needs to be imported. Individual states ranged from 4% (Massachusetts) to 42% (Delaware). Most other regions in the United States were more self-suffi cient, including highly populated analogs such as California (51%) and Texas (64%). Issues of food security will only be heightened in future years with uncertainties such as climate change and population growth.
Concerns over food security at the national level have resulted in growing interest for locally produced food. Local food has many potential advantages over larger food systems, such as contributing to local economies, decreasing transportation costs, and creating stronger connections between the local populace and farmers (Feenstra, 1997; Peters et al., 2009; Martinez et al., 2010) . Even at the local scale, however, there are ongoing questions and knowledge gaps over issues such as the ability of farms to sustain local populations with the quantity and variety of necessary food and the energy effi ciencies of local-scale food systems (Clancy and Ruhf, 2010; Martinez et al., 2010) . As a result, there is increased interest in the study of regional-scale food production systems as a balance between local and global food systems (Stevenson et al., 2011; Peters et al., 2012) . While local systems typically encompass 80-to 160-km radii, regional systems are defi ned by boundaries large enough to include multiple states (Clancy and Ruhf, 2010) and thus have the potential to off er greater food production capacity, effi ciency, and security.
Potato production has a long history in the ESR, although the region has been less signifi cant on the national stage in recent years, with only 6.5% of the total U.S. potato production (2002 Census of Agriculture). There are areas with major potato production, particularly in the northern ESR (such as Aroostook County, Maine). In spite of gains in yield during the last 50 yr, however, overall potato production has decreased (National Agricultural Statistics Service, 2012) . The loss of production is the result of a trend of decreasing harvested potato area. The ESR has been losing agricultural land since the early 1900s due to reforestation, industrialization, and a shift of the population to urban areas (Bell, 1989; Foster, 1992) . Topsoil erosion resulting from stone removal and continuous cropping has also been a factor in the decline of historically prime farmland (Saini and Grant, 1980; Lal, 1998) . The culmination of these dynamics has resulted in the ESR producing fewer potatoes and relying more on importation to satisfy consumption demands. Assuming that 58 kg of potato are consumed per person per year (Economic Research Service, 2012) , the annual consumption for the ESR is 4.17 million Mg. Based on the 2002 Census of Agriculture, the total potato production for the ESR was 1.34 million Mg, a self-sufficiency of only 32%. For this reason, potato is a good candidate to study the constraints on potential production for the ESR.
Potential crop yield is defined as the maximum yield of a particular species under optimal soil, water, environment, and management conditions, i.e., no stresses (biotic or abiotic) (Evans and Fischer, 1999; van Ittersum et al., 2003; Cassman et al., 2010) . While it is not realistic to achieve full potential, yield simulations can provide theoretical thresholds for the capacity of a region. Yield estimates allow calculation of the difference between theoretical potential yields and actual observed yields-the yield gap (Lobell et al., 2009) . Crop yield can be simulated with empirical models or explanatory models. For example, the Erosion-Productivity Impact Calculator (EPIC) was developed for relating soil erosion and productivity but has been used to simulate growth for multiple crops by using a single empirical model (Steiner et al., 1987) . This model has been implemented in many studies for predicting crop productivity (Priya and Shibasaki, 2001; Tan and Shibasaki, 2003; Zhang et al., 2010) ; however, due to the statistical nature of EPIC, it is difficult to make more than generalized predictions of crop yield from the model results. An alternative approach is to use an explanatory model, such as the Decision Support System for Agrotechnology Transfer (DSSAT) models , Agricultural Production Systems Simulator (APSIM) (McCown et al., 1996) , World Food Studies (WOFOST) (van Diepen et al., 1989) , and SPUDSIM (Fleisher et al., 2010) . Explanatory models are derived based on the physiological processes within the plant and mechanistic depictions of the interface between soil, plant, and atmosphere. As a result, they are better suited to respond to the dynamics related to potential production capacity scenarios, such as land use change and climate change, than are empirical models.
Regional production predictions require the use of geospatial interfaces. The process of linking geospatial data with crop models has been implemented for many applications at various scales (Hartkamp et al., 1999; Hodson and White, 2010) . Examples include evaluating climate change effects at the field scale using precision agriculture techniques (Thorp et al., 2008) and at the global scale using coarse-resolution data (Jones and Thornton, 2003) . A common strategy is to divide a region into homogeneous modeling units, simulate crop production independently for each unit, and aggregate the results for analysis (Hansen and Jones, 2000; de Wit et al., 2010) . Geospatial crop models have achieved some success in simulating production capacity and yield potential. For example, van Lanen et al. (1992) estimated that 45% of Europe was potentially suitable for wheat (Triticum aestivum L.) production and simulated productivity under water-limited and nonlimited conditions. Lal et al. (1993) simulated the regional productivity of bean (Phaseolus vulgaris L.) for three sites in Puerto Rico and predicted the cultivar and planting date for optimal production at each site. While these studies have demonstrated the effectiveness of quantifying regional productivity with site-specific crop models, they have tended to focus on coarseresolution data (such as point locations or kilometer-scale rasters). The analysis of regional food systems could be improved by implementing field-scale modeling units to better represent the spatial and temporal heterogeneity of production at the county level (Olesen et al., 2000; Resop et al., 2012) .
The purpose of this study was to evaluate the potential production capacity and constraints for potato in the ESR using a geospatial crop model. Potato yield and resource requirements (water use and N uptake) were modeled under water-limited and nonlimited conditions and under current and potential land use scenarios. The sensitivity of the model to variations in climate and soil was used to evaluate constraints. Production of potato was simulated at field-scale modeling units and aggregated to the county level for analysis. Ideally, regional food system analyses should consider multiple crops and socioeconomic factors; however, for the purpose of this study, simulating a single crop was the first step to assessing the biophysical constraints and potential production capacity across the entire region.
METHODS AND MATERIALS

Geospatial Crop Model
The process-based crop model SPUDSIM (Fleisher et al., 2010) was implemented for this study to simulate potato production. The model was developed by the USDA-ARS to simulate crop growth at hourly time steps across the length of a season. The mechanistic nature of the model simulates organ-level processes of the plant to estimate crop yield, water use, and N uptake. For simulating root growth and soil water movement, SPUDSIM was combined with the twodimensional numerical model 2DSOIL (Timlin et al., 1996) . Daily weather data were generated with CLIGEN (Nicks et al., 1995) and downscaled to hourly data by SPUDSIM.
Inputs to the crop model can be grouped into three categories: weather (daily values of precipitation, temperature, radiation, relative humidity, and wind speed), soil (initial properties of each horizon such as texture, N, water content, and hydraulic properties), and management (elevation, latitude, longitude, cultivar, irrigation, fertilization, planting depth, planting density, planting date, etc.). Another data type, land use, was not used directly by the crop model, but was instead used to classify the land use and crop cover of each area in the region as a way to determine the locations to simulate (e.g., cropland). For each input category, a data layer was organized for the ESR and georeferenced in ArcGIS version 10.0 (ESRI).
Weather data were generated using the model CLIGEN, a stochastic model that randomly produces daily climate data from monthly statistics based on data observed at National Climatic Data Center weather stations between 1960 and 2009 (Nicks et al., 1995; Meyer et al., 2008) . A total of 378 stations was used for the ESR, for a resolution of slightly less than one per county (Fig. 1) . Interpolation across the region was performed using Thiessen polygons, which selects the nearest station for each location (Carbone et al., 1996; Liu et al., 2007) . For each weather station, 30 independent climate years were generated for the purpose of providing interannual weather variability.
Soil data were derived from the Soil Survey Geographic (SSURGO) database, a high-resolution soil profile database that is available for most areas in the United States at a 1:24,000 scale (Soil Survey Staff, 2012) . The data layer divides the ESR into field-scale soil mapping units, which consist of multiple soil components. Each soil component is defined by homogenous soil data. The spatial mapping unit is linked to an extensive database that contains representative values for multiple soil profile properties, such as soil texture, bulk density, and organic matter. Soil hydraulic conductivity and water retention parameters for the van Genuchten equation (van Genuchten, 1980) were determined using the model Rosetta, which estimates using pedotransfer functions (Schaap et al., 2001 ). Most of the ESR was covered by SSURGO, with the exception of some parts of New Hampshire, New York, and Virginia; however, these areas did not contain any significant amount of cropland.
Due to the lack of high-resolution management data, variables in this category were aggregated at the county scale. For the 13 states in the ESR from Maine to Virginia, there was a total of 435 counties. The centroid latitude and longitude was calculated and the average elevation was derived from the National Elevation Dataset, a 30-m raster (Gesch, 2007) . Planting and harvest dates were obtained from the USDA as the average of the most active dates for each state (National Agricultural Statistics Service, 2010) ( Table 1) .
Other variables were assumed to be constant, such as plant density (4.7 plants m -2 ), row spacing (84 cm), and initial planting depth (5 cm). The SPUDSIM model was calibrated as described by Fleisher et al. (2010) using 2 yr of growth and yield data for the mid-maturing cultivar Kennebec, which is commonly grown throughout the ESR. The model simulated both water-limited and nonlimited scenarios. It was assumed that crops were grown under unlimited N conditions and were not affected by pests and diseases. National Agricultural Statistics Service (NASS) census data were used for the observed harvested area, yield, and irrigated area at the county level. Area and yield were calculated as the average of the last 4 yr on record (1987, 1992, 1997, and 2002) . Irrigation was defined as a percentage of the total harvested area and calculated as the average of the last 2 yr on record (1997 and 2002) , except for Rhode Island, for which we used 1992 due to missing data. For counties lacking data, state-level data were used (average of 1990-2009) .
The land use data layer was created using a combination of multiple data sources, including Common Land Units (CLUs), the National Land Cover Database (NLCD), and the Cropland Data Layer (CDL). The CLU is a vector polygon data layer developed by the Farm Service Agency that defines agricultural boundaries of contiguous land use and ownership at the field scale (Farm Service Agency, 2012). Land use and land cover were defined by the 2006 NLCD and 2010 CDL, which are both 30-m raster data sets. The NLCD classifies each location into distinct land cover categories, such as developed, forested, pasture, and cropland (Fry et al., 2011) . The CDL is similar to the NLCD; however, it also classifies each raster space as a specific crop cover (e.g., potato) for each year (Johnson and Mueller, 2010) .
A geospatial crop model interface was developed by combining ArcGIS with SPUDSIM using the scripting language Python version 2.6 (Python Software Foundation). Within ArcGIS, the input data layers (weather, soil, management, and land use) were overlaid to create spatial modeling units (MUs), defined as field-scale polygons with homogeneous properties. The land use and crop cover of each MU were determined by the majority value of the NLCD and CDL, respectively. The MUs were then grouped together based on land use class and unique combinations of the input data used by the crop model (weather, soil, and management). A Python script was used to create a set of unique input combinations for each land use scenario. For each input combination, 30 yr of crop production were simulated to produce outputs of dry tuber mass, water use, and N uptake. Tuber dry mass was converted to a fresh yield area basis (Mg ha -1 ) using the planting density and assumed moisture content of 80% (Kolbe and Stephan-Beckmann, 1997) . Simulations were linked back to the individual MUs, and the field-scale results were aggregated to the county level by averaging across the 30 yr and weighting by the relative area. The Python interface automated the processes of simulation, linkage, and aggregation. For more information about the methodology used in this study, a more detailed description was presented by Resop et al. (2012) .
Land Use Availability Scenarios and Water Use Conditions
Potato production was simulated for two land use availability scenarios assuming two water use conditions ( Table 2 ). The land use scenarios were separated into current production areas, defined as agricultural land classified as potato, and potential production areas, defined as all cropland. The purpose of these designations was first to simulate productivity in counties with existing production to compare with observed yield from the NASS and then estimate productivity in all counties where potato could potentially be grown. The land use area for each scenario was determined by overlaying the MUs with the NLCD and CDL to calculate the cover percentage of potato land use and cropland. To reduce the amount of required model runs, counties were selected based on a minimum threshold area. For the current land use scenario, 35 counties were selected with at least 50 ha of potato area based on the 2010 CDL. To adequately represent current potato production, 75% of the available area was simulated, about 9 MUs per county. For the potential land use scenario, 346 counties were selected with at least 100 ha of cropland based on the 2006 NLCD. To control the number of simulations, the top three MUs by area were used for each county (Salazar et al., 2012) . Once the available area was determined for each land use scenario, production was simulated for each scenario under both water use conditions.
The first simulation phase used the current land use scenario to establish the baseline production capacity based on where potatoes are currently cultivated. The water-limited (WL) and nonlimited (NL) results were compared with observed yield and irrigation data from the NASS for validation. Following simulation and validation, the yield gap was evaluated. The yield gap was defined as the difference between actual yield (the average observed NASS yield) and potential (unstressed) yield (the NL theoretical yield) and was expressed as the proportion that observed yield encompassed potential yield. This scenario defined the potential production capacity assuming that only current land is used to its full potential yield.
The second phase simulated WL and NL potato production across an expanded domain using the potential land use scenario to identify trends in yield across the entire ESR. Water use and N uptake were mapped across the region to estimate the expected resource requirements for growing potato in the potential production areas. The resource requirements represent factors affecting yield that are generally under the control of the producer, such as irrigation and fertilization. This scenario defined the potential production capacity assuming that additional land could be used for the potato crop. Following simulation, a sensitivity analysis was performed to evaluate the biophysical constraints (i.e., climate and soil) to production. Constraints represent growth factors that typically cannot be controlled. The sensitivity analysis correlated various climate and soil variables against the estimated yield across all of the simulated MUs in the ESR. The climate variables were precipitation, solar radiation, and maximum and minimum temperatures. Climate variables were averaged across the growing season (except for precipitation, which represented the total rainfall) and across 30 yr of generated weather data. The soil variables were saturated water content, hydraulic conductivity, clay content, and bulk density. Soil variables were averaged along the length of the soil profile, weighted by horizon depth.
RESULTS AND DISCUSSION
Land Use Availability
As a way of validating the land use data layers, the total land in MUs for each land classification as populated by the raster data sets (2006 NLCD and 2010 CDL) was compared with the reported area from the 2007 Census of Agriculture (National Agricultural Statistics Service, 2009) . While the mismatched years do not allow a direct comparison, the accuracy of the MUs can be assessed with the closest available data. There are small differences in how cropland is defined by the NASS and the NLCD. The method discussed by Maxwell et al. (2008) for estimating cropland from the NASS (total cropland minus the amount of cropland in pasture and forage) was used to account for these differences. The MUs underestimated the total area in potato cropland by 10% (R 2 = 0.98) compared with the NASS surveys (Table 3) . For all cropland, the MUs underestimated the total area by 20% (R 2 = 0.99). While there is similarity between the land use data sets, the difference in estimating the amount of cropland in the region demonstrates the uncertainty when calculating land use for large areas using different sources of classification data.
There is a large quantity of land that is potentially available for potato production based solely on land use classification (such as cropland, pasture, and grassland). Currently, 41,300 ha are harvested for potato in the ESR (based on the 2007 NASS census) (Table 3) . A majority of this takes place in 35 counties with at least 50 ha (Fig. 2) . The approximately 3.5 million ha of cropland is spread out across the entire ESR, with 346 counties having at least 100 ha. If even a small fraction of the potential area could be converted into potato production, it could result in a dramatic increase in production capacity. For example, if the 311 non-potato-producing counties contributed 50 ha of potato production, it would increase the total harvested area by 38%. The ESR also has a large quantity of uncultivated grassland that could potentially be utilized; however, using these areas for food production could disrupt ecological balances and so it is ideal to first consider increasing production in existing agricultural areas (Lobell et al., 2009) . Before potential land can be used for potato production, other factors need to be considered. First, other limitations, such as rocky soils, steep slopes, and inaccessible fields, may exist. Many of these limitations could be implemented into the geospatial model for future analyses using databases such as SSURGO for soil rockiness, NED for soil slope, and road networks for accessibility. Second, it may not be economically practical for landowners to convert agricultural land to potato. Ideally, a planner would want to optimize potato production by encouraging growth in areas were potential yield is high and production costs are low. Potato yield is not uniform across the region due to the variability of natural resource constraints.
Current Potato Land Use: Model Validation and Yield Gap
Initial crop model simulations, both water-limited and nonlimited, were performed in areas currently under potato production and compared with observed data from the NASS. The results were first aggregated to the state level to examine regional trends (Table 4) . State-level NASS survey data consisted of observed potato yield averaged across 20 yr (1990) (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) ). The average difference between WL and NL yields was 11.57 Mg ha -1 , which represents the gap between the theoretical yield when plants undergo water stress (i.e., rainfed conditions) and the theoretical potential yield assuming no stresses (i.e., a perfectly watered system). This difference was For a regional-scale scope such as this, there are many potential causes for the differences in yield between the north and south based on the factors affecting production (weather, soil, and management). With respect to weather, potato is known to be a cool-season crop, and the decline in yields for the southern vs. the northern ESR as attributed to climatic differences is probably a result of warmer day-and nighttime air temperatures. Warmer temperatures can result in reduced leaf area, increased senescence rate, a shortened growing season, and, ultimately, a reduction in biomass including yield (Allen and Scott, 1980) . In general, simulations at higher daily temperatures also indicated a higher ratio of respiration to photosynthetic rate (roughly 55% in Virginia and 50% in Maine). In terms of management, two key variables could explain the regional production divide: planting season and irrigation. States in the north are classified by the NASS as having a fall growing season (later planting and harvest dates), while in the south they have a summer growing season (earlier dates and a shorter season) ( Table 1) . Planting and harvest dates have been shown to affect simulated yield (van Wart et al., 2013) and represent a source of uncertainty that should be explored in future research. Similarly, there is a distinction between irrigation practices in the north and south. Based on the observed area that is irrigated, the averages were 22 and 66% for the north and south, respectively (Table 4) . The WL and NL scenarios followed this trend in that in the north the observed yield matched the WL (rainfed) scenario better (relative error 6% for WL and 31% for NL), while in the south the observed yield matched the NL (irrigated) scenario better (relative error 50% for WL and 6% for NL).
It is also worth noting that simulations were conducted for the Kennebec cultivar. Kennebec is high yielding and widely adapted to various climates in the United States, including the ESR. The resulting tubers, while predominantly used for chipping, are also suitable for multiple markets including frying and tabletop (Akeley et al., 1948) . While this cultivar is moderately resistant to late blight and resistant to tuber net necrosis, it is susceptible to verticillium wilt. There is a large range in the degree to which different potato cultivars possess pest and disease resistance. While we expect the general responses to drought and temperature to be similar among most common cultivars grown in North America, future predictive models that can account for disease prevalence and its associated impact on potato production (not considered in the present case) could potentially reveal an additional source of variation between northern and southern states.
The county-level results had a similar trend as the state level and were compared with observed yields from the NASS. The simulations assuming WL conditions tended to underpredict yield (relative error 22%), while the NL simulations tended to overpredict yield (relative error 31%) ( Fig. 3a and 3b ). Following the state-level trend between observed irrigation and model accuracy, the WL error increased (Fig. 3c) and NL error decreased (not shown) as irrigation increased. The relative error was 12% for WL yield in the northern counties and 10% for NL yield in the southern counties. These results support the conclusion that regions where management involves more irrigation are better represented by the NL yield, and vice versa. As a result, a composite adjusted yield was calculated by applying the WL yield for the north and NL yield for the south, producing a better fit (relative error 11%) than assuming a single water use condition for the entire region (Fig. 3d) . The limitation of regional modeling is that the observed irrigation data are not comprehensive; they are only available at the county level and it is difficult to find data on the amounts of irrigation applied. An alternative approach would be to calculate a weighted yield based on the rainfed area (WL yield) and irrigated area (NL yield), but this approach would also be limited by the observed irrigation data. However, it is important to consider irrigation for regional crop modeling because it is likely to vary and because the model is sensitive to water stress. The need for more irrigation in the south than in the north of the ESR is probably due to many reasons, including seasonal climate conditions, and is explored more below by studying the sensitivity of the model to real-life inputs.
A yield gap analysis was used to evaluate the production capacity for currently cultivated potato areas by quantifying the potential for increasing the average yield. The observed yield was 73% of the potential (nonlimited) yield for the northern (rainfed) counties and 100% for the southern (irrigated) counties. Comparing these numbers with what has been observed in the literature, Lobell et al. (2009) found yield for three crops (corn [Zea mays L.], wheat, and rice [Oryza sativa L.]) to be 50 and 80% of the potential yield for rainfed and irrigated systems, respectively, but noted that yield gap estimates are highly variable. The results for the southern ESR suggest that actual yield is near the theoretical maximum. Achieving 100% of potential yield in the south is unlikely (considering that the observed irrigated area is not 100%) and realistically the potential for growth should still exist. The underestimation of potential yield is probably due to modeling assumptions and the uncertainty in management factors such as planting date, growing season length, and cultivar. The analysis would also benefit from more observed data on irrigated area and yield; however, census data on potato are sparse. Between the two subregions, there is greater yield potential in the north. Potential yield could be realized by adjusting management practices such as applying irrigation to this historically rainfed region. In the south, if the potential yield gap has truly been eliminated, then attempts to increase local production should focus more on land availability and optimizing the efficiency of resources such as irrigation and fertilization.
Based on the current land use scenario, a few initial conclusions can be made. Assuming WL or NL conditions alone does not adequately represent production for the entire ESR. A better estimate of yield can be generated by considering the observed irrigation practices for the region. The adjusted yield discussed here is a simple example that utilizes both water use scenarios and results in a better fit between observed and estimated yield. Errors observed at the county level are probably due to temporal (climate) and spatial (soil) variability. When estimating regional-scale crop productivity, it is clear that management factors such as planting season and irrigation play an important role in accurate predictions, as emphasized by the differences between northern and southern states as well as between WL and NL model conditions.
Potential Potato Land Use: Resource Requirements and Production Constraints
The spatial pattern for the potential land use scenario follows the same trend as the current land use scenario, with yield increasing from south to north (Fig. 4) . The median WL yield across the south and north was 15.41 and 28.24 Mg ha -1 , respectively, while NL yield was 26.20 and 37.63 Mg ha -1 , respectively. The average difference between WL and NL yield was 9.83 Mg ha -1 , although it varied among counties (standard deviation 4.63 Mg ha -1 ). Based on NL yield, the highest productivity was in northwestern Pennsylvania and Maine, where yield was generally >39 Mg ha -1 . Assuming no other considerations, these areas represent the greatest potential for production. States in the southern ESR were generally outperformed by the northern states; however, West Virginia stands out because it is not currently a significant potatoproducing state in the region. Among the southern states, West Virginia showed the greatest potential for potato production, both for WL and NL yield. With most current potato production occurring in the north, exploring the expansion of potato production into West Virginia could offer high-yielding local production for the southern ESR.
Along with potato yield, plant resource requirements were also estimated under WL and NL conditions. Water use and N uptake followed a similar north-south regional trend as yield, decreasing as yield decreased (Fig. 5) . Water use efficiency (crop yield/water use), however, was much lower in the south, where potato tends to be irrigated, indicating that more water is required for an equivalent yield. Similarly, potato grown in the south requires more N to produce a similar yield (Table  5) . Between the WL and NL scenarios, the average water use increased from 182 to 575 mm and the average N uptake increased from 127 to 205 kg ha -1 across the entire ESR. The NL results show water use around 600 mm for most of the ESR, resulting in a limiting factor for potential yield because seasonal precipitation is around 300 to 400 mm for most of the region. Because a non-N-limited model assumption was used, the application of N in excess of average amounts (127 kg ha -1 for WL and 205 kg ha -1 for NL) would probably not increase yield further, so in a sense these values represent an upper bound to fertilization. While it is good to be aware of this to reach full potential, a N-limited model would be necessary to study nutrient dynamics further.
Each of the input classifications (weather, soil, and management) can potentially affect potato production throughout the ESR. Factors relating to management (growing season length and irrigation) were discussed above. The effects of weather and soil variables were explored using a sensitivity analysis. In a traditional sensitivity analysis, a single variable is changed while the others are held constant. For this study, however, a sampling-based method was used that collected the results from many individual simulations based on reallife conditions found spatially across the ESR to represent the distribution of production. By comparing the correlation between each input variable and estimated yield, trends can be identified and thereby the specific input-related constraints to production can be evaluated. The analysis was performed across all modeling units simulated in the ESR (three MUs in 346 counties for a total of 1038 MUs). The results from the sensitivity analysis were divided by water use condition (WL or NL) as well as by variable classification (climate or soil).
The scatterplots correlating each input variable to yield are shown in Fig. 6 to 9 , while the statistical significance of each correlation (assuming a linear relationship) is summarized in Table 6 . Although there was a high amount of noise within the set of model results due to the sampling-based approach, some trends were observed. There was a clear divide in the sensitivity results between the northern and southern states, as noted above. This clustering effect was clearest in the WL radiation data (Fig. 6b) . The expected trend was for yield to be positively related to radiation, which was seen in the slight positive trend across each subregion (north and south) individually. Even though the south had higher overall radiation levels than the north, however, it produced smaller yields. This break was also observed in the other scatterplots and suggests that there are other variables, such as management practices (photoperiod, growing season, irrigation, cultivar, etc.) that had a strong regional effect on the estimated yield.
Most of the climate variables had a significant correlation with WL yield. Among all of the variables, temperature by far had the most influence based on a high negative correlation in both the northern and southern ESR (Fig. 6) . As the average seasonal temperature increased, the average yield decreased. For example, the cooler areas of the south, such as West Virginia, generally produced greater yields than the rest of the south. Because seasonal temperature is outside of the control of potato producers, it presents a major constraint to local production. With the effects of future climate change expected to increase global temperatures, this constraint should be evaluated further through additional model simulations to determine the uncertainty in future production. While temperature was a significant factor throughout the ESR, precipitation showed Table 5 . Simulated yield and resource requirements, assuming water-limited (WL) and nonlimited (NL) conditions, across all counties in the Eastern Seaboard region (ESR) with potential land (i.e., cropland). no correlation with WL yield in the north and a positive correlation in the south. This pattern could be explained by the observations about irrigation made above. In the north, where the potato crop is predominantly rainfed, there was little plant water stress and so precipitation was not a limiting constraint. In the south, however, the potato crop tends to require irrigation and thus is more likely to experience water stress when relying on rainfed (WL) conditions. For the NL water scenario, the weather variables were less significant across the board (Fig. 7) . This suggests that when water is not a limiting factor, climate conditions play a less dominant role in affecting potato yield. The soil variables did not show a strong correlation with WL yield (Fig. 8) . The correlations were much smaller than those of the climate variables, suggesting a dominance of climate factors under WL conditions. For the NL condition, however, the soil variables (except for saturated water content) showed a more significant correlation with yield ( Fig. 9) . In essence, the soil variables became more significant than the climate variables when water was no longer a limiting factor. In particular among the soil profile variables, potato yield was constrained when the hydraulic conductivity was <25 cm d -1 . This was also evidenced by lower yields when the soil composition was denser, with a higher clay content. While the results show that it was still possible to achieve high potato yields under these conditions (low hydraulic conductivity, denser soil, and higher clay content), this information does help regional planners in determining areas in the ESR where yield is more constrained by the natural environment by avoiding land where soil profiles indicate poor drainage.
Current vs. Potential Production Capacity
The geospatial simulations performed in this study present a way of evaluating the production capacity for potato in the ESR. As discussed above, overall potato production has been on the decline for decades. If one is interested in increasing the amount of local production within the ESR, what is the potential production capacity under various scenarios? As an example, we explored two scenarios: (i) increasing production by increasing actual yield to potential yield (reduce the yield gap); and (ii) increasing production by increasing the harvested potato area and expanding into non-potato-producing counties. Using the current land use scenario as a baseline to compare simulations, based on the 2010 CDL potato area and the WL yield for the north and NL yield for the south, the current production capacity for the ESR is 1.01 million Mg. As a comparison, the 2002 NASS census observed total production of 1.34 million Mg, which is probably higher due to the decline in harvested potato area during the last decade. The first potential production scenario considered was increasing the yield in current land use areas by eliminating the yield gap and assuming potential (NL) yield in all areas. Under this scenario, the total regional production capacity was estimated to be 1.34 million Mg, an increase of 33% over the baseline value. A majority of new production occurred in the northern ESR, where the yield gap was greater. The second potential scenario assumed an increase in the total land use area by adding 50 ha of production to each county, converting existing cropland to potato. It was assumed that yields followed current patterns using the composite adjusted yield discussed above (WL yield was used in the north and NL yield in the south). Under this scenario, total potato production in the ESR was estimated to be 1.43 million Mg, an increase of 41% over the baseline value. In both cases, the potential production capacity was increased to levels similar to those observed in 2002, regaining production that was lost due to the loss of historic potato land.
Both scenarios discussed here are within the realm of possibility but have limitations. Eliminating the yield gap would be difficult due to the fact that actual yields have increased slowly in the last few decades as management practices and cultivar advancements have optimized growth. Converting land into potato production would also be difficult due to the fact that regional harvested potato area has been in decline. Ultimately, it is important to balance increasing the yield of existing cropland (which has a theoretical maximum) and adding new land to production (which may not be feasible in many areas). A more successful approach would probably be to target future production on land that has been estimated through simulation to be highly productive. When considering future production capacity, additional scenarios should be considered, such as estimating the effect on regional potato production from land use change (e.g., the continual decline in harvested potato area) or climate change (e.g., the increase in global temperatures). It is important to note that based on these results the production of potato cannot be promoted over other crops. Such a recommendation in policy would require a more encompassing study that considered additional agricultural and socioeconomic factors, such as yield simulations for other crops, dietary needs of the populace, and regional supply chains.
CONCLUSIONS
A regional analysis was performed to quantify the current and potential productivity of potato in the ESR as a way to estimate the production capacity and evaluate constraints. In general, potato yield, assuming both WL and NL conditions, decreased from the northern to the southern areas of the region. This break in yield between the northern and southern states is probably due to the differences in biophysical constraints such as season length and climate factors, with the average seasonal temperature observed as having the greatest effect on yield. Management practices such as irrigation could be used to help mitigate the decrease in yield caused by the increase in temperature. Compact, clay soils also were shown to constrain yield under NL conditions. While the model followed the observed regional pattern of irrigation, more research is needed to delve deeper into this phenomenon and simulate yield at a regional scale more accurately.
The geospatial crop model used in this study has many advantages over previous studies that used coarse-resolution data, such as the ability to simulate production with highresolution soil data across a large spatial extent; however, there are some limitations. The primary limitation is that there is a lot of variability, both spatial and temporal, when considering a regional system. Only so much variability can be adequately accounted for due to the limited number of simulations that can be performed. For example, while it would be possible to study intraseasonal climate effects, such as evaluating the effect that dynamic day-to-day shifts in temperature or precipitation have on yield (because the crop model operates at an hourly time step), it would be difficult to implement such a study at the regional scale. As another example, the exploratory portion of this research, which used three modeling units per county, was necessary to limit the number of simulations. A more detailed analysis can be performed by doing a coarse analysis like this and then identifying areas for higher resolution simulation. Performing more simulations per county would allow the range of potential yield within each county to be quantified for both productive and marginal land.
The research performed in this study is only the first step in evaluating the potential production capacity of the ESR. Other steps should be taken to further this research and provide regional planners with additional information to optimize food production under multiple uncertainties. For example, additional crops should be included in the analysis as a way to develop a composite yield index. While this study was limited to potato as a way to represent the overall potential productivity, it does not address the fact that certain crops grow better in some areas than others. Such a yield index could be used when performing cost analyses to optimize the regional production of food in a way that lowers transportation costs and increases profit to local farmers. Also, additional sensitivity analyses are needed to quantify the effect of management factors, such as planting date and irrigation, on crop yield. Finally, it is also important to consider the effects of future climate change on regional production in order to determine which areas are most at risk and to figure out how to mitigate any adverse effects.
